The importance of hyperglycemia in the Intensive Care Unit (ICU) is well established. However, little is known regarding the clinical predictive value of acute hyperglycemic events. This report describes a graphical model that quantifies the correlation between momentum/stochastic indicators, acute hyperglycemia, and clinical events in chronic ICU patients. The model is based on previously described principles of graphical representations of biomedical parameter data. We hypothesize that acute hyperglycemic events are significantly associated with major clinical events and that the model described herein helps to better characterize and quantify this important relationship. The following core competencies are addressed in this article: Medical knowledge, Patient care, Practice-based learning and improvement, Systems-based practice. Republished with permission from: Stawicki SP, Schuster D, Liu JF, Kamal J, Erdal S, Gerlach AT, Whitmill ML, Lindsey DE, Thomas YM, Murphy C, Steinberg SM. Introducing the glucogram: Description of a novel technique to quantify clinical significance of acute hyperglycemic events. OPUS 12 Scientist. 2009;3:2-5.
INTRODUCTION
The importance of hyperglycemia in the Intensive Care Unit (ICU) is well established. [1, 2] However, little is known regarding the clinical predictive value of acute hyperglycemic events. This manuscript describes a graphical model that quantifies the correlation between momentum/stochastic indicators (StIRs), as well as the overall clinical picture associated with that clinical event, as determined by the physician who reviewed the clinical chart (SPS). Each event subgroup (major versus minor) was then broken down into specific subclasses of clinical events. Details regarding the grouping and classification of clinical events utilized in the current study can be seen in Tables 1 and 2 .
DATA ORGANIZATION
Clinical variables were obtained retrospectively from the case patient's glucose dataset. Glucose measurements were recorded over a range of time frequencies of every 60 min to every 8 h for the patient's entire ICU stay. Clinical information was then transformed into the open-high-low-close (OHLC) format [ Figure 1 ]. To properly apply and utilize the OHLC, the data had to be arranged into equal time intervals or epochs. For the purposes of this study, data were arranged into 12 h epochs. For each epoch, the opening value (the first value in the epoch), the high and low values, as well as the closing value (the last value in the epoch) were recorded and graphed.
THE MOMENTUM INDICATOR
The momentum indicator (MoIR) is a leading indicator (i.e., forward-looking indicator) that measures the rate of change in a particular parameter acute hyperglycemia, and clinical events in chronic ICU patients. The model is based on previously described principles of graphical representations of biomedical parameter data. [3] [4] [5] We hypothesize that acute hyperglycemic events are significantly associated with major clinical events and that the model described herein helps to better characterize and quantify this important relationship.
METHODS
This report describes the use of a high-resolution computerized graphical representation of glucose levels, along with associated momentum and StIRs, to help quantify the relationship between periods of acute hyperglycemia and associated clinical events in the ICU.
Detailed medical record review of a critically ill patient who remained in the ICU for more than 30 days was performed. Glucose measurements were grouped into 12 h epochs, with initial, maximal, minimal, and final values incorporated for each time period. Sequential bar graphs [ Figure 1 ] were plotted, along with momentum and StIRs [ Figure 2 , glucogram]. Correlations between clinical events and positive indicator status (i.e., indicator "spike") were then made. Indicator designation status is described in detail below. Clinical events were divided into major [ Table 1 ] and minor [ Table 2 ]. Indicator spike correlating with a major event (s) constituted a positive pair. Lack of indicator spike corresponding to minor (control) event was considered a negative pair.
The designation of clinical event as major or minor (control) was based on the nature of the clinical event and is used to detect rapid changes in trends as well as likely trend reversal points. High MoIR readings tend to occur when a trend is at its strongest. Lower MoIR readings are generally found at the start or end of a trend or between trends. Consequently, the traditional interpretation of the MoIR is based on the assumption that when the indicator begins to rise following a trough, it is considered to be the beginning of an ascending trend. Conversely, when the MoIR peaks and begins to descend, it is considered to be the beginning of a descending trend.
The value of the MoIR is determined by taking the current value of the parameter being measured and dividing it by values of the same parameter from a predetermined number (i.e., x) of previous epochs. The resulting value is then multiplied by 100 to convert the output into percentage terms. For example, if the glucose value is 150 during the current time period and was 75 during the previous epoch, then the current MoIR value will be 200% (i.e., 150/75 × 100%).
Of note, peak and trough levels are set individually for each patient and depend on the baseline behavior of the MoIR indicator over the past cycles for that particular patient. In other words, one patient's peak MoIR value of 150 may not be "equal" to another patient's peak MoIR of 250 and depends on the relative MoIR values. Thus, it is based on overall volatility level for that patient. The value of MoIR is usually expressed as a percentage, with values that move above and below 100%.
THE STOCHASTIC INDICATOR
The StIR is a technical indicator that compares the closing value of a parameter with a range of the same parameter's values for a predetermined time period. [3] [4] [5] [6] It was previously noted that when a parameter's value is rising, it tends to have closing values near the high value for that time period and a falling parameter closes near its low. [3] [4] [5] [6] The StIR is displayed as two lines. The first (or main) line is called %K and is calculated using the high, low, and closing values from each respective epoch. The secondary line (%D) is a moving average (Mav) of %K. The formula for %K is %K = 100 × [(C − LXclose)/(HX − LX)], where C is the most recent closing value, LX is the lowest low for the last x time periods, and HX is highest high for the The StIR is plotted on a chart with values ranging from 0 to 100 for a specified time period. Much like with Mavs, the sensitivity of StIR increases with shorter time spans. In general, readings above 80 are considered "strong" and indicate that the trend is nearing its highs. Readings below 20 are classified as "weak" and indicate that the trend is nearing its lows.
PARAMETER BANDS
Parameter bands are lines plotted around the parameter's bar graph structure to form an envelope and are characterized by their fixed percentage (%F) amounts above and below the mean value of the variable [ Figure 2 ]. Of special interest is the behavior of the variable under investigation near the edges of the envelope, which may be helpful in identifying trend reversals.
The mathematical procedure of envelope creation is simple. It consists of plotting the Mav for the particular security, followed by calculation of the upper and lower bands (LBs). [7, 8] The upper band (UB) is calculated by adding a %F of value to the Mav (UB = Mav + Mav × %F). The LB is calculated similarly by subtracting a %F of value from the Mav (LB = Mav − Mav × %F). The Mav, UB, and LB are then plotted. The number of epochs over which the Mav is averaged, as well as the %F value, are subject to the preference of the person analyzing the data.
THE GLUCOGRAM
The graph below [ Figure 2 ] represents an example of glucogram. It is the representation of glucoses for a patient with severe pancreatitis (APACHE II score of 19). The patient had a total of 27 major clinical events. Of those, 24 were associated with a positive indicator spike(s) and three did not have an associated indicator spike. In addition, there were two instances where an indicator spike did not coincide with any clinical event and five instances of minor events correctly correlating with the absence of indicator spike(s). Considering these findings, the sensitivity for major clinical events was 88.9% and specificity was 71.4%.
DISCUSSION
The use of various indicators as described in this article provides a novel way of describing and interpreting biomedical (vital sign, input/output, pressure-based, and laboratory) data. [3] [4] [5] Consistent with previously published experience, when a trend was present, indicators tended to demonstrate it well. When no trend was present, indicators tended to "wander around" until the next trend was identified. [3] [4] [5] There are several potential advantages to using financial analysis tools in biomedical applications. First, financial indicators are well described, have been used for quite some time in nonbiomedical applications, and are relatively easy to learn, understand, and interpret. Second, these indicators provide a method of objectively evaluating clinical parameters and scenarios for which traditionally subjective interpretations were used (i.e., quantifying the clinical importance of clinically observed trends such as acute hyperglycemic spikes). Third, financial indicators provide a way of standardizing clinical trend interpretation and potentially minimizing interobserver variability in interpreting such trends. In fact, by allowing greater interobserver agreement, the latter advantage may ultimately contribute to the clinical success of these techniques. [9] At the present time, while it appears to be a very promising research tool for analysis of biomedical data trends, the authors do not recommend using the glucogram as the sole predictor of significant clinical events. Instead, one should always take the overall patient clinical picture into consideration before making any diagnostic or therapeutic determinations. As more data emerge regarding the clinical utility of the glucogram, its clinical applications are likely to grow in scope.
While graphs and trends within individual variables (i.e., glucose, white blood cell count, heart rate, or hemoglobin) may be valuable from the standpoint of clarity of the graphical representation of each individual variable, the most useful clinical information will most likely come from indexing of multiple variables. [4, 5] In such arrangement, multiple biomedical variables are used to create a composite index. Based on certain assumptions, this composite index would then be used to estimate the physiologic economy of the patient. [4, 5] Fundamental principles of the proposed model have been previously described in detail and are beyond the scope of this discussion. [4, 5] have useful adjunctive confirmatory or possibly even predictive value. Momentum and/or StIR spikes on glucograms appear to have reasonable sensitivity for major clinical events. Specificity appears to be somewhat lower. Future research in this area is certainly warranted, with a focus on absolute deviation from normal values, prospective data collection, device design, time to achieve normoglycemia, and multiparameter modeling.
Directions for future research in this area include (a) multiparametric studies; (b) incorporating p a r a m e t r i c c o r r e c t i o n s f o r t h e r a p e u t i c interventions -i.e., accounting for insulin dosage; (c) incorporating other types of indicators into the model [ Table 3 ]; (d) prospective evaluation of the most successful retrospective parameter model combination(s); and (e) design of devices and/or software packages that allow real-time analysis of various biomedical parameters.
CONCLUSIONS
Minimizing the subjective component of patient data interpretation and maximizing the objective component may provide a better way of assessing patients and when correlated with clinical data, may 
